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Abstract: Existing multi-label data set transformation method can not effectively utilize semantic correlation between the label
and the co-occurrence of knowledge, as well as the dataset is small-scale to the scale of the problem such, this paper presented
a new multi-label data set into method RAPC-W ( ranking by all pairwise comparision based WordNet) , the method extend the
label pair from the original two pairs to four pairs increasing the size of the devided data set. On the other hand introduced ex-
ternal data sources WordNet, taking a comprehensive consideration of the label semantic correlation and the co-occurrence of
knowledge, to some extent, filter out the uncorrelated label combination in semantics, better to retain the information of the
original data set, also reduce the adverse effects of the noise data set to the based classifier training. A series of experimental
results based on the Yeast and Letter data set provided by the UCI knowledge as well as the Emotion and Genbase data set pro-
vided by the KELL shows that this method is effective and feasible.
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